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(57) ABSTRACT

A method for determining MRI biomarkers for in vivo issue
includes the steps of obtaining raw data concerning the in
vivo tissue from a MRI machine; processing the raw data to
obtain parameter maps; when applicable, registering images
such that the exact same tissue at serial points can be
analyzed; applying a grid over a region of interest to create
sub-regions of interest (SROIs); inserting parameter mea-
sures for each SROI into a spreadsheet program to create a
large 3D data matrix; applying standard big-data analytics
including data mining and statistics of matrix measures to
find patterns of measurement values or measure changes
(which may include established biomarkers). A medical
imaging software program is used to obtain the parameter
maps from the raw data and place multiple grids over the
SROIs. 3D matrix measures may be data mined and ana-
lyzed using standard big-data analytics.
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1
METHOD FOR DETERMINING IN VIVO
TISSUE BIOMARKER CHARACTERISTICS
USING MULTIPARAMETER MRI MATRIX
CREATION AND BIG DATA ANALYTICS

RELATED APPLICATION

This application claims priority to U.S. provisional appli-
cation No. 62/035,873, filed on Aug. 11, 2014, and to U.S.
provisional application No. 62/041,787, filed on Aug. 26,
2014, all of which are incorporated herein by reference in
their entirety.

BACKGROUND OF THE DISCLOSURE

Field of the Disclosure

The present invention relates generally to determination
of tissue biomarkers and more specifically to a method for
determining the effectiveness of a treatment for in vivo
diseased tissue, which allows a treatment to be more quickly
and precisely evaluated than that of the prior art. This
method can be used for precise identification of tumor tissue
biomarkers, as well as early changes following cancer
treatments for early selection of optimal therapy.

Brief Description of the Related Art

Clinical cancer imaging advancements are greatly needed
for optimal management of cancer patients in a new age of
targeted therapies. Current CT methods are not sufficiently
sensitive or specific to early changes in disease, especially
for newer targeted agents. As imaging markers lag, advance-
ments are being made in developing novel targeted drugs,
describing tissue-based tumor genetics, and developing sen-
sitive blood tumor markers. Microarray technology has
allowed for this rapid pace of advancement by turning the
attention of scientists to more powerful “big data.” In the
arena of MRI research, continual development of increas-
ingly complex and detailed information on the tumor
microenvironment from indices of the tumor rate of angio-
genesis to water-sodium balance provides a new opportu-
nity.

Ongoing research proves the genetic diversity of tumors
and metastatic clones, and beckons an era of cancer imaging
sensitive to this diversity. The success of targeted treatments
for cancer has been dampened by the tremendous plasticity
of tumors to engage escape pathways and to elude these
powerful therapies. Many clinical trials have shown early
success of the targeted treatment with improved progres-
sion-free survival, only to be followed by aggressive tumor
regrowth and no net improvement in overall survival. Suc-
cessful use of targeted therapies for treatment of cancer will
require methods for best selection of combination “cocktail”
targeted therapies to match tumor genetics, as well as early
identification of treatment failure to allow for early modi-
fications in therapy.

Current standard clinical techniques for determining
tumor response or progression are inadequate for this task.
For the most part, the current standard CT criteria for
measuring tumor size, Response Evaluation Criteria in Solid
Tumors (RECIST), is limited to assessment of morphologi-
cal changes in tumors that can takes months following
chemotherapy. In addition, newer targeted therapies most
often do not affect tumor size. Although PET has proven
applications for monitoring tumor responses and can be used
with targeted therapies, many tumors are not PET-avid, this
modality suffers from poor image resolution and large
partial volume errors, and it provides only unidimensional
physiological data after administration of a select radiophar-
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maceutical. In addition, PET has relatively large measure-
ment errors associated with variability in background nor-
mal tissue tracer uptake, making it less sensitive to small
changes and small volume changes. PET Response in Solid
Tumors (PERCIST) is the PET analog of RECIST, and
requires extensive controls such as tracer dosage and timing
of imaging to identify population-based tumor responses. In
comparison, multiparameter MRI can provide many differ-
ent forms of tumor data in a single study, innumerable
studies demonstrate the ability of MRI to detect changes
after targeted therapies, and MRI has superior tumor tissue
contrast and resolution.

In the MRI cancer imaging research arena, rapid advance-
ments are being made in characterizing the tumor micro-
environment, from indices of tumor angiogenesis to sodium-
water balance. The power of MRI lies in its ability to
“interrogate” tissues to provide information on anatomic
morphology with superior soft tissue contrast, as well as
provide an unlimited number of quantitative measures or
“parameters” of tissue properties and physiology. Given the
enormity of the data, the challenge for the successful clinical
application of multiparameter MRI is creating manageable
and reproducible tools. Specifically, techniques are needed
that overcome basic sources of error that hinder the wider
applicability of MRI techniques, such as partial volume
errors. Standard methods for quantifying tumor or tissue
changes most often involve tumor segmentation to obtain a
defined region or volume of interest (FIG. 1) over the entire
tissue of interest. If Dynamic Contrast-Enhanced MRI
(DCE-MRI), is used as an example, not only do innumerable
published studies address sources of error and poor measure
reproducibility, but clinical studies demonstrate a lack of
sensitivity to expected tumor changes after treatment.

An article in the journal, Radiology, shows success in
using array types statistics for analysis of a large number of
tumor quantitative measures for breast cancer. These
authors, however, use a limited and standard single “region
of interest” over the entire tissue of interest, which is a
commonly used standard technique prone to large measure-
ment errors.

Sophisticated voxel-wise mapping techniques, such as
diffusion weighted imaging (DWI) “functional diffusion
maps” (FDM) patented by the University of Michigan,
create maps of voxel-wise changes by overlaying pre- and
post-treatment parameter maps. Multiple studies have suc-
cessfully proven that FDM provide an imaging biomarker of
tumor response in glioma patients. Improved results are
likely related to reduced partial volume errors, with identi-
fication of changes only in voxels with high percent tumor
tissue and relative exclusion of voxels with higher partial
voluming measurement error. These technically challenging
methods, however, are prone to errors caused by low signal-
to-noise at the level of a voxel, which limits its use to MRI
techniques with high tumor contrast-to-noise ratio such as
DWI. In addition, these techniques require quantification of
tumor volumes and assumptions on tumor extent, and are
thus prone to some of the errors associated with standard
tumor “region of interest” techniques. These methods utilize
a single MRI parameter, such as DWI, and cannot or have
not been used with larger multiparameter datasets.

SUMMARY OF THE DISCLOSURE

The present invention provides a method for earlier and
more precise identification of tissue biomarkers than that of
the prior art. The method for identification of earlier and
more precise tissue characteristics or changes, i.e., tissue
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sampling method, includes the following steps: obtaining
raw data concerning in vivo tissue in at least one session or
during at least one time point, for example before and after
treatment, wherein the raw data may be obtained from, e.g.,
a MRI device or machine; processing the raw data with a
software package to obtain different parameter maps; when
applicable, registering images (e.g., the parameter maps)
such that the exact same tissue (e.g., the in vivo tissue) at
serial points can be analyzed; applying a grid over a region
of interest using the software package to create multiple
sub-regions of interest (SROIs) of the in vivo tissue so that
the grid contains the SROIs of the in vivo tissue; obtaining
first measures of different parameters for each of the SROIs
of'the in vivo tissue from all of the parameter maps; inserting
the first measures of the different parameters obtained from
each of the SROIs of the in vivo tissue into a spreadsheet
program (or other matrix data collection software) operating
on a computing device; mining the first measures of the
different parameters for each of the SROIs from all of the
parameter maps utilizing standard big-data analytics of
parameter matrix datasets to find patterns of tissue properties
(or characteristics) and/or changes (which may include
identified tissue biomarkers). In an embodiment, the tissue
sampling method may further include determining the iden-
tified tissue biomarkers through large scale clinical trials and
comparing individual biomarkers to those found during the
large scale clinical trials. In an embodiment, the tissue
sampling method may further include using multiple
changes of the identified tissue biomarkers in the SROIs for
clinical management. In an embodiment, the tissue sampling
method may further include providing a search kernel to
identify tissue biomarker patterns within a MRI multi-
parameter dataset for application for an individual patient. In
an embodiment, the tissue sampling method may further
include displaying the patterns of tissue properties (or char-
acteristics) and/or changes on a display device, such as a
computer monitor. In an embodiment, the tissue sampling
method may further include mining multiple second mea-
sures of the different parameters for each of the SROIs with
a data mining software program operating on the computing
device.

It would be necessary to identify SROI tissue biomarkers
by comparison with outcomes and/or biopsy results for a
large number of patients to provide the reference or identi-
fication for SROI tissue biomarkers for individual patients.
Large scale clinical trials are needed in order to prove the
validity of each biomarker for subsequent individual patient
management, such as for selecting individual cancer patient
treatments. Large clinical trials may be utilized for various
diseases (but specifically cancer) to determine various char-
acteristics of patient tissue. Specific examples may include
but not be limited to 1) precise and sensitive identification of
diseased tissue, 2) precise biomarkers of tumor aggressive-
ness, 3) biomarkers of tumor tissue genetic characteristics
(termed “radiogenomics”), 4) biomarkers of tumor tissue or
other tissue early response to therapy, and 5) biomarkers of
tumor tissue or other tissue early signs of failure to therapy.
This method may be applied across the entire patient body,
from head-to-toe. Specifically, tissue may be sampled across
the various metastatic clones in a single patient with dis-
seminated cancer from whole-body MRI datasets.

A magnetic resonance imaging (MRI) device or machine
(or any other combined modality MRI machine, such as a
positron emission tomography-magnetic resonance imaging
(PET-MRI) machine) is used to obtain the raw data con-
cerning the in vivo tissue. A freeware medical imaging or
other standard commercial software program, i.e., the soft-
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ware package, may be used to obtain the different parameter
maps from the raw data such as raw MRI data. The MRI
device or machine may be used to place a plurality of grids
containing a plurality of sub-regions of interest (SROIs)
over the tissue of interest, i.e., the region of interest. SROI
size may be optimized for specific image noise and regis-
tration characteristics, but could theoretically approximate
the size of a single image voxel or pixel. Multiple param-
eters output values for each SROI are entered into a spread-
sheet, such as Excel or other matrix data collection software.
The spreadsheet entries are data mined by a software pro-
gram, such as Excel Professional Plus or other data mining
software, to find patterns of measures or measure changes
across various parameters at single or serial time-points. The
patterns of changes in the SROIs are compared to true
patient clinical outcomes and biopsy results to determine
tissue biomarkers. The plurality of SROI allow a tissue
property or change to be evaluated more precisely given the
smaller size of the SROI compared to standard ROI and with
higher specificity given the large number of parameter
characteristics evaluated. In addition, the size of the SROI
larger than a single voxel, and incorporating ideally multiple
voxels, improves the signal-to-noise ratio (SNR) which
provides de-noised parameter measures. Increased precision
of SROI measures, in turn, allows for earlier and more
precise identification of SROI tissue biomarkers.

Accordingly, it is an object of the present invention to
provide a tissue sampling method which utilizes multipa-
rameter MRI datasets and data mining analytics to focus on
identifying SROI of in vivo tissue that provide tissue bio-
marker information for clinical use in the management of
patients, and specifically cancer patients.

It is another object of the present invention to provide a
tissue sampling method, which circumvents the errors asso-
ciated with standard “region of interest” segmentation and
mapping techniques by ignoring most of in vivo tissue and
only searching for SROI that “rule-in” biomarker changes.

It is another object of the present invention to provide a
tissue sampling method, which uses a dense sampling strat-
egy to create large three-dimensional (3D) multi-parameter
MRI data matrices at a single or multiple time-points
amenable to data mining and standard applied array statis-
tics, such as those utilized for microarray statistics.

It is another object of the present invention to propose
tightly packed subregion matrix creation used for large data
samples and more precise tissue characterization.

It is another object of the present invention to provide a
method, which includes the following steps: creating large
matrix datasets collected from a large multitude of small
region tissue sampling from a multitude of MRI parameter
maps, and applying big-data analytics comprising the gamut
of data mining and big-data statistical techniques to identify
precise tissue biomarkers within subregions of diseased
tissue, such as within malignant tumors.

It is another object of the present invention to provide a
method for determining in vivo tissue precise biomarkers,
which utilizes multiparameter MRI datasets and focuses on
identifying subregions of in vivo tissue to provide more
precise tissue quantitative data, circumvents the measure-
ment errors associated with standard segmentation and map-
ping techniques, and provides more powerful and precise
clinical tools for managing patient treatments. The method
uses a dense sampling strategy to create large three-dimen-
sional multiparameter MRI data arrays amenable to data
mining analytics and statistics, which allows a tissue bio-
marker to be more quickly and precisely evaluated than that
of the prior art.
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It is another object of the present invention to provide a
tissue sampling method, which allows a treatment to be
more quickly and precisely evaluated than that of the prior
art.

These, as well as other objects, steps, features, benefits,
and advantages of the present disclosure, will now become
clear from a review of the following detailed description of
illustrative embodiments, the accompanying drawings, and
the claims.

BRIEF DESCRIPTION OF THE DRAWINGS

The drawings disclose illustrative embodiments of the
present disclosure. They do not set forth all embodiments.
Other embodiments may be used in addition or instead.
Details that may be apparent or unnecessary may be omitted
to save space or for more effective illustration. Conversely,
some embodiments may be practiced without all of the
details that are disclosed. When the same reference number
or reference indicator appears in different drawings, it may
refer to the same or like components or steps.

Aspects of the disclosure may be more fully understood
from the following description when read together with the
accompanying drawings, which are to be regarded as illus-
trative in nature, and not as limiting. The drawings are not
necessarily to scale, emphasis instead being placed on the
principles of the disclosure. In the drawings:

FIG. 1 is a schematic diagram of preliminary data and
standard techniques;

FIG. 2 is a schematic diagram of dense sampling and
creation of a three-dimensional (3D) multi-parameter mag-
netic resonance imaging (MRI) data array;

FIG. 3 is a schematic diagram of biomarker signatures of
tumor response with multiparameter MRI;

FIG. 4 is a flow chart of a tissue sampling method in
accordance with the present invention;

FIG. 5 is a schematic diagram of devices used to perform
steps of a tissue sampling method in accordance with the
present invention; and

FIG. 6 shows examples of parameter measures that could
be applied for tumor array datasets.

While certain embodiments are depicted in the drawings,
one skilled in the art will appreciate that the embodiments
depicted are illustrative and that variations of those shown,
as well as other embodiments described herein, may be
envisioned and practiced within the scope of the present
disclosure.

DETAILED DESCRIPTION OF THE
INVENTION

Tllustrative embodiments are now described. Other
embodiments may be used in addition or instead. Details that
may be apparent or unnecessary may be omitted to save
space or for a more effective presentation. Conversely, some
embodiments may be practiced without all of the details that
are disclosed.

Multiparameter MRI provides the greatest opportunity for
specific identification of diverse and small changes in small
tumor volumes. The success, knowledge, and experience
from microarray technology and data mining can be applied
to multiparameter MRI “big data.” In the field of cancer
research, such an approach is needed in order for imaging
science to create a three-dimensional (3D) corollary to the
rapidly advancing field of tissue-based microarrays. For
patients with metastatic disease, this 3D corollary may be a
powerful clinical tool for early and specific biomarker
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identification across the spectrum of metastatic clones, pro-
viding the best opportunity to tailor and adapt therapy to
improve patient survival.

A method for more precise characterization of tissue
properties and changes from any in vivo tissue, including a
wide array of post-treatment tissue changes, using array
statistics and data mining techniques is provided in the
present invention. Specifically, referring to FIGS. 2 and 3,
this method can be used to identify biomarker signatures of
tumor response or progression from densely sampled data
matrix arrays of multiparameter MRI measures obtained
from metastases in cancer patients. Referring to FIG. 2,
densely overlapping grids of small ROI or kernels are used
to create big-data 3D arrays of parameter measures. Multiple
densely packed grids of small ROI (Vx) overlay a Ktrans
map (A) of a lumbar vertebral body in a metastatic focus in
a breast cancer patient. Dense sampling is used to generate
a two-dimensional (2D) matrix for each MRI parameter (B).
2D matrices for each parameter may form a multi-parameter
3D data array (C). FIG. 3 illustrates a schematic diagram of
the concept for obtaining biomarker signatures of tumor
changes (response or progression) from 3D multiparameter
MRI array datasets. Pre-drug (A) and post-drug (B) 3D
arrays may be subtracted to obtain combinations of param-
eter changes (C). MRI combinations may be searched to
determine “signatures” of tumor response or progression
when analyzed in comparison to patient outcomes. If avail-
able, this MRI data may be compared to patient tumor tissue
microarray data (D).

With reference to FIG. 4, there is shown a flow chart of
a tissue sampling method. The tissue sampling method may
include: (1) obtaining raw data concerning in vivo tissue 100
in a first session or at a first time point (such as before
treatment) and in a second or subsequent session or at a
second time point (such as after treatment), as depicted in
steps 10 and 12 of FIG. 4, wherein the raw data (such as MRI
raw data) may be obtained from a MRI device or machine;
(2) processing the raw data obtained in the steps 10 and 12
with a software package to obtain different parameter maps,
as depicted in steps 14 and 16 of FIG. 4; (3) applying a grid
over a region of interest using the software package to create
multiple sub-regions of interest (SROIs), as depicted in steps
18 and 20 of FIG. 4; (4) inserting measures of different
parameters concerning the sub-regions of interest (SROIs)
within the in vivo tissue 100 into a spreadsheet program (or
a matrix data collection software), as depicted in steps 22
and 24 of FIG. 4; and (5) data mining the measures of the
different parameters to find patterns of tissue characteristics
and/or changes (which may include identification of estab-
lished tissue biomarkers), as depicted in steps 26 and 28 of
FIG. 4. Optionally, as depicted in a step 30 of FIG. 4,
comparison of the patterns of tissue characteristics and/or
changes to true patient outcomes and biopsy results may be
performed to determine tissue biomarkers applicable to
individual patient care.

With reference to FIG. 5, a magnetic resonance imaging
(MRI) device or machine 32 is used to obtain the raw data
concerning the in vivo tissue 100. A software program 36,
such as a freeware medical imaging software program or
other commercially available software program, operates on
a computing device 34 to obtain the different parameter
maps from the raw data (e.g., MRI raw data) obtained in the
steps 10 and 12. The computing device 34 may be any
suitable computing device 34. The MRI device or machine
32 is also used to place a plurality of grids over a sub-region
of interest (SROI) in box 38. The plurality of grids may
create a plurality of sub-regions which may include but are
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not limited to the different parameters shown in box 40. The
measures of the different parameters for each sub-region are
entered into a spreadsheet 42, such as Excel or other matrix
dataset collection software. The spreadsheet entries are data
mined by a data mining software program 44, such as Excel
Professional Plus or any other suitable software program, to
find the patterns of tissue characteristics and/or changes in
the SROIL. The spreadsheet 42 may also be any other suitable
software program or hardware. The data mining software
program 44 may be any suitable software program or
hardware. The patterns of tissue characteristics and/or
changes are displayed on a display device 46, such as a
computer monitor, to allow comparison to true patient
outcomes and biopsy results to determine various tissue
biomarkers.

It is preferable to identify SROI biomarkers of tissue
characteristics and changes in a large number of patients to
provide a baseline for SROI biomarkers in individual test-
ing. Large scale clinical trials are needed in order to prove
the validity of each biomarker for subsequent individual
patient management, such as selecting individual cancer
patient treatments. The multiple patients may be tested
during treatment of various diseases (but specifically cancer)
to determine various characteristics of the patient tissue.
Specific examples may include but not be limited to 1)
precise and sensitive identification of diseased tissue, 2)
precise determination of tumor aggressiveness, 3) tumor
tissue genetic characteristics, 4) tumor tissue or other tissue
early response to therapy, and 5) tumor tissue or other tissue
early signs of failure to therapy. This method may be applied
across the entire patient body, from head-to-toe. Specifically,
tissue may be sampled across the various metastatic clones
in a single patient with metastatic cancer from whole-body
MRI.

The method in the invention, for example, proposes using
a potentially limitless combination of parameters. Examples
may include but not be limited to multiple parameters from
diffusion weighted imaging (DWI), multiple parameters
from dynamic contrast-enhanced MRI (DCE-MRI), and
could also potentially be used with a number of other
parameters derived from various other MRI sequences.
(FIG. 6).

While particular embodiments of the invention have been
shown and described, it will be obvious to those skilled in
the art that changes and modifications may be made without
departing from the invention in its broader aspects, and
therefore, the aim in the appended claims is to cover all such
changes and modifications as fall within the true spirit and
scope of the invention.

What is claimed is:

1. A method for determining multiple parameters in a
tissue, comprising:

receiving, by a computing device, multiple first parameter

maps of an in vivo tissue based on raw data from a
magnetic resonance imaging (MM) machine at a first
time;

applying a first plurality of overlapping grids over a

region of interest of each of the multiple first parameter
maps, by the computing device, to create multiple
sub-regions of interest, wherein each of the multiple
first parameter maps corresponds to a parameter of the
region of interest in the tissue;

obtaining, by the computing device, multiple first data

parameter values for each of the sub-regions of interest

from all of the multiple first parameter maps;
generating, by the computing device, a first plurality of

two-dimensional matrices based on the multiple first
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data parameter values, wherein each respective two-
dimensional matrix corresponds to an MRI parameter;

combining, by the computing device, the plurality of
two-dimensional matrices to create a first three-dimen-
sional multiparameter MRI array;

receiving, by the computing device, multiple second

parameter maps at a second time after an event;

applying a second plurality of overlapping grids over a

region of interest of each of the multiple second param-
eter maps, by the computing device, to create multiple
sub-regions of interest, wherein each of the multiple
second parameter maps corresponds to a parameter of
the region of interest of each of the multiple second
parameter maps,

obtaining, by the computing device, multiple second data

parameter values for each of the sub-regions of interest
from the multiple second parameter maps;
generating, by the computing device, a second plurality of
two-dimensional matrices based on the multiple second
data parameter values, wherein each respective two-
dimensional matrix corresponds to an MRI parameter;

combining, by the computing device, the second plurality
of two-dimensional matrices to create a second three-
dimensional multiparameter MRI array;

subtracting, by the computing device, the first three-

dimensional multiparameter MRI array from the sec-
ond three-dimensional multiparameter MRI array to
obtain one or more combinations of parameter changes;
and

determining patterns of characteristics and change from

the one or more combinations of parameter changes,
wherein the patterns of characteristics and change
comprise multiple identified tissue biomarkers for
determining a diagnosis.

2. The method for determining multiple parameters in a
tissue of claim 1, further comprising determining the iden-
tified tissue biomarkers through comparison of the patterns
of characteristics and change to previously conducted clini-
cal trials.

3. The method for determining multiple parameters in a
tissue of claim 2, further comprising comparing the identi-
fied tissue biomarkers to biomarkers found during the large
scale clinical trials.

4. The method for determining multiple parameters in a
tissue of claim 1, further comprising using multiple changes
of the identified tissue biomarkers in said sub-regions of
interest for clinical management.

5. The method for determining multiple parameters in a
tissue of claim 1, further comprising displaying the patterns
of characteristics and change on a computer monitor.

6. The method for determining multiple parameters in a
tissue of claim 1, further comprising mining, via the com-
puting device, multiple second data parameter measures for
each of the sub-regions of interest.

7. The method for determining multiple parameters in a
tissue of claim 1, further comprising registering the multiple
parameter maps such that each of the multiple sub-regions of
interest correspond to a respective sub-region of interest of
the other multiple parameter maps.

8. The method for determining multiple parameters in a
tissue of claim 1, wherein the event is a surgery.

9. The method for determining multiple parameters in a
tissue of claim 1, wherein the event comprises application of
a medication to the tissue.

10. The method for determining multiple parameters in a
tissue of claim 1, wherein the patterns of characteristics and
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change from the one or more combinations of parameter
changes indicate a trajectory in the tissue.

11. The method for determining multiple parameters in a
tissue of claim 1, wherein the patterns of characteristics and
change comprise multiple identified tissue biomarkers. 5

12. The method for determining multiple parameters in a
tissue of claim 1, wherein one of the multiple parameter
maps comprise Ktrans and Ve parameters.

13. The method for determining multiple parameters in a
tissue of claim 1, wherein one of the multiple parameter 10
maps comprise T1 and T2 parameters.

14. The method for determining multiple parameters in a
tissue of claim 1, further comprising determining at least one
tissue biomarker using the first data parameter values.
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